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Abstract

This paperdescribesnonolingual,cross-languageandmultilingual retrieval experimentsusing CLEF-2002
testcollection. Thepapempresentatechniqudor incorporatingolind relevancefeedbacknto adocumentanking
formulabasednlogisticregressioranalysisandaprocedurdor decomposingsermaror Dutchcompoundsnto
theircomponentvords.

1 Introduction

Multilingual text retrieval is the task of searchingor relevantdocumentsn a collection of documentsn more
thanonelanguagen responseo aquery andpresenting unifiedrankedlist of documentsegardlesof language.
Multilingual retrieval is an extensionof bilingual retrieval wherethe collectionconsistsof documentsn a single
languagehatis differentfrom the querylanguage.Recentdevelopmentson multilingual retrieval werereported
in CLEF-2000[12], andCLEF-2001[13]. Most of themultilingual retrieval methoddall into oneof threegroups.
Thefirst approachranslateghe sourcetopicsseparatelynto all the documentanguagesn the documentollec-
tion. Thenmonolingualretrieval is carriedout separatelyfor eachdocumentianguageyesultingin oneranked
list of documentdor eachdocumentanguage.Finally the intermediataranked lists of retrieved documentspne
for eachlanguagearemeigedto yield a combinedranked list of documentsegardlessof language.The second
approachranslatesa multilingual documentollectioninto thetopic language Thenthetopicsareusedto search
agpinstthetranslateddocumentollection. Thethird onealsotranslategopicsto all documentanguagessin the
first approach.The sourcetopicsandthe translatedopics are concatenatetb form a setof multilingual topics.
The multilingual topics are then searchedlirectly againstthe multilingual documentcollection, which directly
producesa ranked list of documentsn all languages.The latter two approacheslo not involve meging two or
moreranked lists of documentspnefor eachdocumentanguageto form a combinedranked list of documents
in all documentanguagesThe meging taskis hardandchallenging.To the bestof our knowledge,no effective
techniquehasbeendevelopedyet. It appearsnostparticipatinggroupsof the multilingual retrieval tasksin the
TREC or CLEF evaluationconferencesppliedthe first approach.Translatinglarge collectionsof documentsn
multiple languagesnto topic languagesequiresthe availability of machinetranslationsystemshat supportthe
necessaryanguagepairs, which is sometimeproblematic. For example,if the documentcollection consistsof
documentsn English,French,German Jtalian, and Spanishandthetopicsarein English. To performthe mul-
tilingual retrieval taskusingEnglishtopics,onewould have to translatethe French,German Jtalian, and Spanish
documentsnto English. In this case thereexist translatorssuchasBabelfish,that cando the job. However, if
thetopicsarein Chineseor Japaneseat maybe moredifficult or evennot possibleto find thetranslatordo do the
work. Theavailability of thetranslatiorresourcesindthe needfor extensive computatiorarefactorsthatlimit the
applicability of the secondapproach.The third approachis appealingin thatit doesnot requireto translatethe
documentsand circumwentsthe difficult meiging problem. However, thereis someempirical evidenceshaving
thatthethird approacthis lesseffective thanthefirst one[3].

We believe thatthreeof the corecomponent®f the first approachare monolingualretrieval, topic translation,
andmemging. Performingmultilingual retrieval requiresmary languageresourcesuchasstopwords, stemmers,
bilingualdictionariesmachingranslationsystemsparallelor comparableorpora.At the sametime, we seemore
andbetterlanguageaesourcepublicly availableon theInternet. The endperformancef multilingual retrieval can
be affectedby mary factorssuchas monolingualretrieval performanceof the documentrankingalgorithm, the
quality andcoverageof thetranslationresourcesthe availability of language-dependestemmerandstopwords,
andthe effectivenesof meging algorithm. Sincemeging of ranked lists of documentss a challengingtask,we



seekto improve multilingualretrieval performancdy improving monolinguaketrieval performancendexploiting
translatiorresourcegublicly availableon theInternet.

At CLEF2002,we participatedn themonolingua) crosss-languge, andmultilingual retrieval tasks.For mono-
lingualtask,we submittedretrieval runsfor Dutch,French,German]talian,andSpanishFor cross-languagesk,
we submittedcross-languageetrieval runsfrom Englishtopicsto documentianguage®utch, French,German,
Italian, and Spanish one French-to-Germanun, and one German-to-Frenchun. And for multilingual task,we
submittedtwo runsusing Englishtopics. All of our runsusedonly the title and descfields in the topics. The
documentollectionfor multilingual taskconsistsof documentsn English,French,German Jtalian andSpanish.
More detailson documentcollectionsare presentedelow in section5. Realizingthe difficulty of memging mul-
tiple disjoint ranked lists of retrieved documentsn multilingual retrieval, we have putlittle effort on the merging
problem.We mainly worked onimproving the performancesf monolingualretrieval andcross-languageetrieval
sincewe believe improved performancesn monolingualand cross-languageetrieval shouldultimately leadto
betterperformancén multilingualretrieval. For all of our runsin cross-languagandmultilingual tasks thetopics
wastranslatednto documentanguagesThe maintranslationresourcesve usedarethe SYSTRAN-baseanline
machinetranslationsystemBabelfishtranslationandL&H Power TranslatorPro Version7.0. We alsousedparal-
lel English/Frenchextsin oneof the English-to-Frenchetrieval runs. The BabylonEnglish-Dutchdictionarywas
usedin cross-languageetrieval from Englishto Dutch.

The samedocumentranking formula developedat Berkeley [4] backin 1993 was usedfor all retrieval runs
reportedin this paper It wasalsousedin our participationin the previous CLEF workshops.It hasbeenshown
that query expansionvia blind relevancefeedbackcan be effective in monolingualand cross-languageetrieval.
The Berkeley formulabasedon logistic regressiorhasbeenusedfor yearswithout blind relevancefeedback.We
developeda blind relevancefeedbackprocedurefor the Berkeley documentrankingformula. All of our official
runswere producedwith blind relevancefeedback.We will presenta brief overview of the Berkeley document
rankingformulain section2. We will describetheblind relevancefeedbackproceduran section3.

At CLEF 2001, we presentedh Germandecompoundingrocedurethat was hastily developed. The decom-
poundingprocedureusesa Germanbasedictionary consistingof wordsthat shouldnot be further decomposed
into smallercomponents Whena compoundcanbe split into componentwvordsfoundin the basedictionaryin
morethanoneway, we chooseto split up the compoundso thatthe numberof componentvordsis the smallest.
However if theretwo or moredecompositionsvith the smallesthumberof componentvords,we choosethe de-
compositionthatis mostlikely. The probability for a decompositiorof a compoundis computedbasedon the
relative frequencief the componentvordsin a Germancollection. We reporteda slight decreasén German
monolingualperformancewith Germandecompounding3] at CLEF 2001. The slight declinein performance
may be attributedto the factthat we kept both the original compoundsandthe componentvords resultedfrom
decompoundingn topic index. Whenwe re-ranthe sameGermanmonolingualretrieval with only the component
wordsof compounds$n thetopicswereretainedtheaverageprecisionwasimprovedby 8.88%with decompound-
ing over withoutit [3]. Furtherimprovementsn performancéroughtby Germandecompoundingverereported
in [3] whenadifferentmethodwasusedto computetherelative frequencie®f componentvords.

At CLEF2002,we usedtheimprovedversionof the Germardecompoundingrocedurdirst describedn [3]. A
slightly differentpresentatiof thesamedecompoundingroceduras givenin sectiord. Two smallchangesvere
madein performingGermanretrieval with decompoundingFirstly, in bothtopic anddocumenindexes,only the
componentvordsresultedfrom decompoundingverekept. Whena compoundwassplit into componentvords,
thecompoundtself wasnotindexed. Secondlyadditionalnon-Germarwordsin the Germarbasedictionarywere
removed. Our currentbasedictionary still has762,342words, somebeing non-Germarwords and somebeing
Germancompoundghatshouldbe excluded.It would take a majoreffort to cleanup the basedictionarysothatit
containsonly the Germanwordsthat shouldnot be further decomposedThe decompoundingrocedureanitially
developedfor splitting up Germancompoundsvasalsousedto decompos®utch compoundsvith a Dutchbase
dictionary

For the submittedtwo official multilingual runs, one usedunnormalizedraw scoreto re-rankthe documents
from intermediaterunsto producethe unified ranked list of documents. The otherrun usednormalizedscore
in the sameway to producethe final list. To measurehe effectivenessof differentmeigers,we developedan
algorithmfor computingthe bestperformancehatcould possiblybe achiezed by meiging multiple ranked|lists of
documentainderthe conditionsthat the relevancesof the documentsareknown, andthatthe relative ranking of
the documentsn individual ranked lists is preseredin the unified ranked list. Thatis, if document4 is ranked
higherthandocumentB in someranked list, thenin the unified ranked list, documentA shouldalsobe ranked
higherthatdocumentB. The simplemeigersbasedon unnormalizedaw score normalizedraw score,or rankall
presere therelative rankingorder This procedurecannotbe usedto predictmeging, howeverit shouldbe useful
for measuringhe performanceof meging algorithms. The procedureor producingoptimal performancegiven



documentelevancess presentedn section6.3.

2 Document Ranking

All of our retrieval runsusedthe samedocumentankingformuladevelopedat Berkeley [4] to rankdocumentsn
respons¢o aquery Thelog oddsof relevanceof documentD with respecto query@ , denotedy log O(R|D, Q),
is givenby

P(R|D, Q)

log O(R|D, Q) = log———"%2 = —3.51 + 37.4 % 1 + 0.330 x z5 — 0.1937  z3 + 0.0929 * 4
P(R|D,Q)

where P(R|D, Q) is the probability that documentD is relevantto query @, P(R|D, Q) the probability that
documentD is irrelevantto query@, whichis 1.0- P(R|D, Q). Thefour compositevariablese, z2, z3, andz,
aredefinedasfollows: z, = —7 S, e, 20 = L3 ST log gihG 23 = g ML log 2 =,
wheren is the numberof matchingtermsbetweena documentanda query qtf; is the within-queryfrequeny
of theith matchingterm, dt f; is the within-documenfrequeny of the sth matchingterm, ctf; is the occurrence
frequeng in a collection of the ith matchingterm, gl is querylength (i.e., numberof termsin a query),dl is
documentength(i.e., numberof termsin a document)andcl is collectionlength(i.e., numberof termsin atest
collection).If stopwordsareremovedfrom indexing, thengl, dl, andcl arethequerylength,documentength,and
collectionlength,respectiely, afterremaoving stopwords. If thequerytermsarere-weightedthengt f; is nolonger
theoriginal termfrequeng, but the new weight,andql is the sumof the new weightvaluesfor the queryterms.in
the original training matrix, gt f; is the within-querytermfrequeng, andgql is the querylength. Note that, unlike
2 andzxs, thevariablex; sumsthe “optimized” relative frequeng without first taking the log over the matching
terms. Therelevanceprobability of documentD with respecto query@ canbewritten asfollows, giventhelog
oddsof relevance.

1
P(R|D’Q) = 14+ eflogO(R|D,Q)

The documentarerankedin decreasingrderby their relevanceprobability P(R|D, Q) with respecto a query
The coeficientswere determinedby fitting the logistic regressiormodel specifiedin log O(R|D, Q) to training
datausinga statisticalsoftwarepackageWe referreaderso referencg4] for moredetails.

3 Reevance Feedback

It iswell known thatblind (alsocalledpseudo)elevancefeedbaclkcansubstantiallymproveretrieval effectiveness.
It is commonlyimplementedn researchtext retrieval systems.For example,seethe papersof the groupswho

participatedn theAd Hoctasksn TREC-7[15] andTREC-8[16]. Blind relevancefeedbacks typically performed
in two stages.First, aninitial searchusingthe original queriesis performed after which a numberof termsare

selectedrom the m top-ranked documentghat are presumedelevant. The selectedermsare meigedwith the

original queryto formulatea new query Finally the new queryis searchedgainstthe documentcollectionto

producea final ranked list of documents.The techniquedor decidingthe numberof termsto be selectedthe

numberof top-ranked documentgrom which to extractterms,andrankingthetermsvaries.

The Berkeley documentrankingformula hasbeenin usefor mary yearswithout blind relevancefeedback.In
this paperwe presenta techniquefor incorporatingblind relevancefeedbackinto the logistic regression-based
documentranking frameavork. Someof the issuesinvolved in implementingblind relevancefeedbackinclude
determininghenumberof top rankeddocumentshatwill bepresumedelevantandfrom which new termswill be
extracted rankingthe selectedermsanddeterminingthe numberof termsthat shouldbe selectedandassigning
weightto the selectederms.We referreaderdo [9] for asurwy of relevancefeedbackechniques.

Two factorsareimportin relevancefeedback Thefirst oneis how to selecthetermsfrom top-rankeddocuments
afterthe initial searchthe seconds how to assignweightto the selectedermswith respecto the termsin the
initial query For termselectionwe assumehem top-ranleddocumentsn theinitial searcharerelevant,andthe
restof the documentsn the collectionareirrelevant. For the termsin the documentghatare presumedelevant,
we computethe oddsratio of seeingatermin the setof relevantdocumentsndin the setof irrelevantdocuments.
This is the term relevanceweightingformula proposedoy Robertsorand SparckJonesn [14]. Table1 presents
a word contingeng table, wheren is the numberof documentsn the collection, m the numberof top-ranled



relevant irrelevant
indexed me Ny — My Nt
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Tablel: A contingeng tablefor aword.

Initial Query Selectedlerms ExpandedQuery

#1 (1.0) t1 (1.0)
ts (2.0) ts (2*0.5) t2 (3.0)
t5 (1.0) t5 (1%0.5) t5 (1.5)

t4 (0.5) t4 (0.5)

Table2: Queryexpansion.

documentsafter the initial searchthat are presumedelevant, m; the numberof documentsamongthe m top-
ranked documentghatcontainthetermt, andn, the numberof documentsn the collectionthatcontaintheterm
t. Thenwe seefrom the above contingeny tablethatthe probability of finding theterm¢ in arelevantdocument
is 7+, becausen; document®utof them relevantdocumentsontainthetermt. Likewise, the probability of not
finding thetermt in arelevantdocuments =t. Theoddsof finding aterm¢ in arelevantdocumenis =t —.

m—mg

Likewise, the oddsof finding atermt in anirrelevantdocuments —="«_—_ Thetermsextractedfrom them

ng—m-+msq

top-ranleddocumentsarerankedby their oddsratio whichis givenby

my(n —ny —m + my)

@)

w log (m — my¢)(ng — my)
For everytermt, exceptfor stopwords,foundin them top-ranked documentsye computeits weightw; according
to the above formula. Thenall the termsareranked in decreasingrderby their weight w;. The top-ranled k
terms,includingthe onesthatarein theinitial query areaddedto theinitial queryto createa new query For the
selectedop-ranledtermsthatarenotin theinitial query the weightis setto 0.5. For thosetop-ranledtermsthat
arein theinitial query theweightis setto 0.5*¢;, wheret; istheoccurrencdrequeng of termt in theinitial query
Theweightsareunchangedor theinitial querytermsthatarenotin the setof selectederms. The selectederms
aremegedwith theinitial queryto formulateanexpandedjuery Whena selectedermis oneof thequeryterms
in theinitial query its weightin the expandedqueryis the sumof its weightin the initial queryandits weight
assignedn the term selectionprocess.For a selectedermthatis notin theinitial query its weightin the final
queryis the sameasthe weight assignedn the term selectionprocesswhich is 0.5. The weightsfor the initial
querytermsthatarenotin thelist of selectedermsremainunchangedTable2 presentsan exampleto illustrate
how the expandedgueryis createdrom theinitial queryandthe selectederms. Thenumbersn parentheseare
termweights.For example theweightfor term¢g in theexpandedjueryis 3.0, sinceit is in theinitial querywith
aweightvalueof 2.0andit is oneof the selectedermsassignedhe weightof 2*0.5.

Threeminor changesremadeto the blind relevancefeedbackproceduredescribedabore. First, a constaniof
0.5 wasaddedto every item in the formulausedto computethe weight. Secondthe selectedermsmustoccur
in atleast3 of the top-ranlked m documentghatare presumedelevant. Third, the top-ranked two documentsn
theinitial searchremainedasthetop-ranledtwo documentsn thefinal search.Thatis, the final searchdoesnot
affect the rankingof the first two documentsn the initial search.The rationalefor not changingthe top-ranked
two documentss thatwhenaqueryhasonly oneor two relevantdocumentsn theentirecollectionandif they are
notrankedin thetop in theinitial searchijt is unlikely thesefew relevantdocumentsvould berisento thetopin
the secondsearch.On the otherhand,if thesefew relevantdocumentsrerankedin thetop in theinitial search,
afterexpansionthey arelikely to berankedlower in thefinal search We believe a goodstratey is to not change
therankingof thetop two documents.

Notethatin computingthe relevanceprobability of adocumentwith respecto a queryin theinitial searchthe
ql isthenumberof termsin theinitial query andqt f; is thenumberof timesthatterm¢ occursin theinitial query
After queryexpansiongtf; is nolongertheraw termfrequeng in theinitial query insteadt is now the weightof
termt in the expandedquery andgql is the sumof the weightvaluesof all thetermsin the expandedquery For
theexamplepresentedh table2, gt f;, is 1.5,andgl is 6.0(i.e., 1.0+ 3.0+ 1.5+ 0.5). Therelevancecluesrelated
to documentsandthe collectionarethe samein computingrelevanceprobability usingthe expandedqjueryasin



computingrelevanceprobability usingtheinitial query For all the experimentsreportedbelow, we selectedhe
top 10 termsranked by w; from 10 top-ranked documentsn theinitial search.

4 Decompounding

It appearsnostGermarcompoundsreformedby directlyjoining two or morewords. SuchexamplesareComput-
erviren (computewiruses) whichis the concatenationf ComputerandViren, andSonnenengjie (solarenegy),
which is formedby joining sonnenand Enegie together Sometimes linking elementsuchass or e is inserted
betweerntwo words. For example the compoundStonheitsknigin (beautyqueen)s derivedfrom Schodnheitand
konigin with sinsertedbetweerthem. Therearealsocasesvherecompoundsareformedwith thefinal lettere of
thefirst word elided. For example,the compounderdbeben(earthquak) is derved from Erde (earth)andBeben
(trembling). Whentheword Erdeis combinedwith theword Atmoshjgre to createa compoundthe compounds
not Erdeatmoshre, but Erdatmoshpre. Thefinal lettere of theword Erdeis elidedfrom the compound We re-
fer readergo, for example,[6] for discussion®f Germancompounddormations.The exampleearthquale shavs
compoundsarealsousedin English,just not nearlyascommonlyusedasin German.

We presenta Germandecompoundingproceduren this sectionwhich will only addresghe caseswvherethe
compoundsare directly formed by joining words and the caseswherethe linking elements is inserted. The
proceduréas describedasfollows:

1. Createa Germanbasedictionaryconsistingof Germarwordsin variousforms,but notcompounds.

2. Decompos@& Germancompoundwith respecto the basedictionary Thatis, find all possiblewaysto break
up acompoundwith respecto the basedictionary

3. Choosehedecompositiorof the minimumnumberof componentvords.

4. If therearemorethanonedecompositionshat have the smallesthumberof componentvords,choosethe
one with the highestprobability of decomposition. The probability of a decompositionis estimatedby
productof therelative frequeng of thecomponentvords. More detailsarepresentedbelow.

For example,whenthe Germanbasedictionary containsball, europa, fuss, fussball, meisteschaft and others,
the Germancompoundussballeuopameisteschaft canbe decomposethto componentvordswith respecto the
basedictionaryin two differentwaysasshavn in Table 3. The lastdecompositiorhasthe smallesthumberof

Decompositions
1 fuss ball europa meisterschaft
2 fussball europa meisterschaft

Table3: Decomposition®f compoundussballeuopameisteschaft

componentvords, sothe Germancompoundfussballeuopameisteschaft is split into fussbal] europaand meis-
terschaft Table4 presentsanotherexamplewhich shovs the decompositionef Germancompoundwintersports
with respectto a basedictionary containingport, ports, s, sport, sports,winter, winters and otherwords. The

Decompositions log p(D)
1 winter s ports -43.7002
2 winter  sports -20.0786
3 winters  ports -28.3584

Table4: Decomposition®f compoundwintersports

compoundvintersportshasthreedecompositionsvith respecto the basedictionary Becausdéwo decompositions
have the smallestnumberof componentvords,the rule of selectingthe decompositiorwith the smallestnumber
of componentvords cannotbe appliedhere. We have to computethe probability of the decompositiorfor the
decompositionsvith the smallestnumberof componenivords. Thelastcolumnin Table4 shavs the log of the
decompositiorprobability for all threedecompositionshatwerecomputedusingrelative frequencie®f thecom-
ponentswvordsin the Germantestcollection. Accordingto therule of selectingthe decompositiorof the highest



probability, the seconddecompositiorshouldbe choserasthe decompositiorof the compoundvintersports That
is, the compoundwintersportsshouldbe split into winter andsports Considerthe decompositiorof compounce
into n componentvords,c = wyws . . . w,,. The probabilityof adecompositioris computedasfollows:

p(e) = p(w1)p(ws) ... p(wn) = Hp(wi)

wherethe probability of componentvord w is computedasfollows:

tfe(w;)
Z;'V=1 tfe(w;)

wheret fc(w;) is thenumberof occurrencesf word w; in acollection, NV is thenumberof uniquewords,including
compoundsin thecollection. Theoccurrencdrequeng of awordis thenumberof timestheword occursalonein

thecollection. Thefrequenyg countof aword doesnotincludethe casesvheretheword is acomponentvordin a
largercompound Also, the basedictionarydoesnot containary wordsthatarethree-lettetong or shorterexcept
for the letters. We createda Germanbasedictionary of about762,000wordsby combininga lexicon extracted
from Morphy, a Germammorphologicaknalyze{10], Germanwordlistsfoundonthe Internet,andGermanwords
in the CLEF-2001Germancollection. In ourimplementationye considerednly the casewherea compounds

the concatenatiof componentvords,andthe casewherethelinking elementsis presentNotethatthe number
of possibledecompositionsf acompounds determinedy whatis in the basedictionary For example whenthe
word mittagessen(lunch)is notin the basedictionary the compoundnittagessenzeiflunchtime) would be split
into threecomponentvordsmittag (noon),essernmeal),andzeit(time).

It is not always desirableto split up Germancompoundsnto their componentwords. Consideragain the
compoundErdbeben In this case,it is probablybetternot to split up the compound. But in othercasedike
Geniseaporteue (vegetableexporters), FuBballweltmeisteschaft (World SoccerChampionship) splitting up
the compoundsprobablyis desirablesincethe useof the componentwords might retrieval additional relevant
documentavhich are otherwiselik ely to be missedif only the compoundsareused. In fact, we noticedthatthe
compoundGerniiseaporteue doesnot occurin the CLEF-2001Germandocumentollection.

In general,it is concevablethat breakingup compoundss helpful. The samephrasemay be spelledout in
words sometimesput asonecompoundothertimes. Whena userformulatea Germanquery the usermay not
know if a phraseshouldappearas multi-word phraseor asone compound. An exampleis the Germanequia-
lent of the Englishphrase‘EuropeanFootball Cup”, in thetitle of topic 113,the Germanequivalentis spelledas
onecompoundrussballeuopameisteschaft, but in the descriptionfield, it is Europameisteschaftim Ful3ball yet
in the narrative field, it is FuRballeuopameisteschaft This examplebringsout two pointsin indexing German
texts. First, it shouldbe helpful to split compoundsnto componentvords. Secondnormalizingthe spelling of
ssand 3 shouldbe helpful. Two more suchexamplesare Sheidungsstatistén and Prasidentsbaftskandidaten
The Germanequialent of “divorce statistics”is Steidungsstatistién in the title field of topic 115, but Statis-
tiken Uber die Scheidungsatenin the descriptionfield. The Germanequvalentof “presideny candidates’is
Prasidentshaftskandidateim title field of topic 135, but Kandidatfir dasPrasidentenamin thedescriptionfield
of the sametopic. The Germanequivalentfor “Nobel pricewinnerfor literature”is Literaturnobelpeistrager, in
the“Der Spiggel” Germancollection,we find variantsof Literatur-Nobelpeistrager, Literaturnobelpeis-Tgerin.
Literaturnobelpreisometimegappearas“Nobelpreisfir Literatur”.

p(wi) =

5 Test Collection

The documentcollectionfor the multilingual IR task consistsof documentsn five languagesEnglish, French,
German|talian,andSpanish.Thecollectionhasabout750,000documentsvhicharenewspapeagrticlespublished
in 1994 exceptthatpartof the Der Spigel waspublishedin 1995. The distribution of documentamongthe five

documentanguagess presentedn Table5. A setof 50 topicswasdevelopedandreleasedn morethan10 lan-

guagesijncluding Dutch, English,French,German Jtalian, and Spanish.A topic hasthreeparts: 1) title, a short
descriptionof informationneed;2) description a sentence-longescriptionof informationneed;and3) narrative,

specifyingdocumentelevancecriteria. More detailsaboutthe testcollectionare presentedn [13]. The multilin-

gual IR taskat CLEF 2002wasconcernedvith searchinghe collectionconsistingof English, French,German,
Italian, andSpanistdocumentgor relevantdocumentsandreturninga combinedyankedlist of documentsn ary

documentanguagén responseo a query



Language| Name No. of Size
documents| (MB)
English Los AngelesTimes 113,005 425
French Le Monde 44,013 157
SDA French 43,178 86
German | FrankfurterRundschau 139,715 320
Der Spiegel 13,979 63
SDA German 71,677 144
Italian La Stampa 58,051 193
SDA ltalian 50,527 85
Spanish | EFE 215,738 509
Dutch RC Handelsblad 84,121 299
AlgemeenDagblad 106,483 241

Table5: Part of the CLEF 2002documentets.

6 Experimental Results

All retrieval runsreportedn this paperusedonly thetitle anddescriptionfieldsin thetopics. Theids andaverage
precisionvaluesof theofficial runsarepresentedn bold face,otherrunsareunoficial ones.

6.1 Monolingual retrieval experiments

In this sectionwe presentthe resultsof monolingualretrieval. We createda stopwordslist for eachdocument
language.In indexing, the stopwordswereremaoved from both documentsandtopics. Additional wordssuchas
relevantand documentvere removed from topics. The wordsin all six languagesvere stemmedusing Muscat
stemmerslownloadedrom http://open.muscat.confor automaticqueryexpansionthetop-ranked 10 termsfrom
thetop-ranlked 10 documentsaftertheinitial searchwerecombinedwith the original queryto createthe expanded
query For DutchandGermanmonolingualruns,the compoundsveresplit into their componentvords,andonly
theircomponentvordswereretainedn documentndtopicindexing. All themonolinguakunsincludedautomatic
gueryexpansionvia the relevancefeedbackproceduredescribedn section3. Table6 presentghe monolingual
retrieval resultsfor six documentanguagesThelastcolumnlabeledchang shavs theimprovementof average
precisionwith blind relevancefeedbackover withoutit. As table6 shavs, queryexpansionincreasedhe average
precisionof the monolingualruns for all six languagesthe improvementrangingfrom 6.42% for Spanishto
19.42%for French.Thereareno relevantltalian documentgor topic 120,andno relevantEnglishdocumentgor

without expansion with expansion
runid language| recall precision recall precision| change
bky2moen | English 765/821 0.5084 793/821 | 0.5602 | 10.19%
bky2monl | Dutch 1633/1862| 0.4446 | 1734/1862| 0.4847 9.02%
bky2mofr | French | 1277/1383| 0.4347 | 1354/1383| 0.5191 | 19.42%
bky2mode | German | 1696/1938| 0.4393 | 1807/1938| 0.5234 | 19.14%
bky2moit | Italian 994/1072 | 0.4169 | 1024/1072| 0.4750 | 13.94%
bky2moes | Spanish | 2531/2854| 0.5016 | 2673/2854| 0.5338 6.42%

Table6: MonolinguallR performance.

topics93,96,101,110,117,118,127and132.

For the Germanmonolingualruns,compoundsveredecomposeéhto their componentvordsby applyingthe
decompoundingroceduredescribedabore. Only componentvords of the decomposed@dompoundsvere kept
in documentandtopic indexing. Table7 presentdhe performanceof Germanmonolingualretrieval with three
differentfeatureswhich are decompoundingstemming,and query expansion. The featuresareimplementedn
the orderof decompoundingstemmingandqueryexpansion For example,whendecompoundingndstemming
are presentthe compoundsare split into componentwordsfirst, thenthe componentsare stemmed. The table
shavs whenary oneof the threefeaturess presentthe averageprecisionimprovesfrom 4.94%to 19.73%over



1 2 3 4 5 6 7 8
features | none decomp | stem expan decomp+stem| decomp+gpan | stem+&pan | decomp+stem-sgan
avgprec | 0.3462 | 0.3859 0.3633 | 0.4145 0.4393 0.4517 0.4393 0.5234
recall 1359 1577 1500 1575 1696 1752 1702 1807
change | baseline| +11.47% | +4.94% | +19.73% | +26.89% +30.47% +26.89% +51.18%

Table 7: Germanmonolingualretrieval performance. The total numberof Germanrelevant documentsor 50
topicsis 1938.

the baselineperformancevhennoneof the featuresis present. Whentwo of the threefeaturesareincludedin
retrieval, theimprovementin precisionrangesrom 26.89%to 30.47%. And whenall threefeaturesare present,
the averageprecisionis 51.18%betterthanthe baselineperformancelt is interestingto seethethreefeaturesare
complementary Thatis, the improvementbroughtby eachindividual featureis not diminishedby the presence
of the othertwo features. Without decompoundingstemmingaloneimproved the averageprecisionby 4.94%.
However with decompoundingstemmingimproved the averageprecisionfrom 0.3859to 0.4393,an increase
of 13.84%. Stemmingbecamemore effective becausef decompounding Decompoundingloneimproved the
averageprecisionby 11.47%for Germanmonolingualretrieval.

compounds component words compounds component words
1 absatzkrise absatz krise 2 atemwege atem wege
3 autoindustrie auto industrie 4 automobilindustrie automobil  industrie
5 bandleaders band leaders 6 bronchialasthma bronchial asthma
7 blrgerkrieg blrger krieg 8 computeranimation | computer  animation
9 computeranimationen computer animationen 10 | computersicherheit | computer  sicherheit
11 | durchbiiche durch briiche 12 | eigentumsrechte eigentums  rechte
13 | eurofighter euro fighter 14 | europameisterschaft| europa meisterschaft
15 | filmfestspielen film festspielen 16 | filmindustrie film industrie
17 | fischereiquoten fischerei guoten 18 | fremdsprachigen fremd sprachigen
19 | fremdworter fremd worter 20 | goldmedaille gold medaille
21 | handynutzung handy nutzung 22 | interessenténflikt interessen  konflikt
23 | interessenénflikts interessen konflikts 24 | menschenrechte menschen rechte
25 | mobiltelefone mobil telefone 26 | nahrungsktte nahrungs  kette
27 | netzwerlen netz werken 28 | nordamerika nord amerika
29 | nordamerikanische nord amerikanische| 30 | pelzindustrie pelz industrie
31 | prasidentschaftskandidaten) prasidentschafts kandidaten 32 | premierministers premier ministers
33 | scheidungsraten scheidungs raten 34 | scheidungsstatistén | scheidungs statistilen
35 | sicherheitspolitik sicherheits politik 36 | spionagedll spionage fall
37 | spionagddlles spionage falles 38 | sternensystemen sternen systemen
39 | verkaufszahlen verkaufs zahlen 40 | volksbefragung volks befragung
41 | winterspielen winter spielen 42 | wintersports winter sports
43 | wirtschaftsembayos wirtschafts embagos 44 | wirtschaftspolitik wirtschafts  politik
45 | zeitplan zeit plan 46 | zurucktreten zuriick treten
47 | einheitsvahrung einheit S wahrung
48 | fischfangquoten fisch fang quoten
49 | fussballeuropameisterschaft fussball europa meisterschaft
50 | geographos geog rapho S
51 | literaturnobelpreistgers literatur nobel preistégers
52 | sclbnheitswettbeerbe schbnheit s wettbaverbe
53 | schbnheitswettbeerben sctbnheit s wettbeverben

Table8: Germarnwordsin title or descfields of the topicsthataresplitinto componentvords.

Table8 presentdhe Germarnwordsin thetitle or descfields of thetopicsthatweresplitinto componentvords
using the decompoundingroceduredescribedn section4. The columnlabeledcomponentvords shavs the
componenwords of the decomposedompounds.The Germanword eurnfighterwassplit into euro andfighter
since both componentwords are in the basedictionary and the word eurofighteris not. Including the word
eumnfigherin thebasedictionarywill preventit from beingsplitinto componentvords. Theword geagraphoswas
decomposethto geag, raphqg andsfor the samereasorthatthe componentvordsarein the basedictionary Two
topic words,lateinamerikaandzivilbevolkerung werenot splitinto componentvordsbecauséotharepresenin
ourbasdlictionarywhichis farfrom beingperfect.For the samereasonthepreistragers wasnotdecomposetto
preisandtragers. An ideal basedictionaryshouldcontainall andonly the wordsthatshouldnot be further split
into smallercomponentvords. Our currentdecompoundingroceduredoesnot split wordsin the basedictionary



into smallercomponentvords. Whenthetwo compoundslateinamerikaandzivilbevolkerung areremovedfrom
thebasedictionary lateinamerikals split into latein andamerikg andzivilbevolkerunginto zivil andbevolkerung
Thetopic word siidjemenwvasnot splitinto siid andjemenbecaus®ur basedictionarydoesnot containwordsthat
arethree-lettelong or shorter The majority of the errorsin decompoundingrecausedyy theincompletenesef
thebasedictionaryor the presenc®f compoundwvordsin the basedictionary

We useda Dutch stopword list of 1326wordsdownloadedfrom http://clef.iei.pi.cniit:2002/for Dutch mono-
lingual retrieval. After removing stopwords, the Dutch words were stemmedusing the muscatDutch stemmer
For Dutchdecompoundingywe useda Dutchwordlist of 223,557words’. Fromthis wordlist we createda Dutch
basedictionaryof 210,63%y manuallybreakingup the long wordsthatappeaito be compoundslt appearghat
mary Dutchcompoundvordsremainin thebasedictionary Lik e the Germarbasedictionary anidealDutchbase
dictionary shouldincludeall andonly the wordsthat shouldnot be further decomposedhto smallercomponent
words. The Dutchwordsin thetopicsor descfields of thetopicsweresplit into componentvordsusingthe same
procedureasfor GermandecompoundingLike Germandecompoundingthe wordsin the Dutch basedictionary
arenotdecomposedThesourcewordlistfiles containalist of countrynameswhich shouldhave beedaddedo the

compounds component words compounds component words
1 rijkspolitie rijks politie 2 belangewerstrengeling| belangen verstrengeling
3 sterrenstelsels | sterren stelsels | 4 bontsector bont sector
5 nobelprijs nobel prijs 6 verkoopaantallen verkoop aantallen
7 grungerock grunge rock 8 spionagezaak spionage zaak
9 frankrijk frank rijk 10 | echtscheidingscijfers | echtscheidings cijfers
11 | oproepkaart oproep kaart 12 | autofbrikanten auto fabrikanten
13 | handelsembago | handels embago | 14 | internationale inter nationale
15 | duitsland duit sland 16 | computerbeeiliging computer beveiliging
17 | filmindustrie film industrie | 18 | veiligheidsbeleid veiligheids beleid
19 | netwerktogang | veiligheids beleid 20 | filmfestival film festval
21 | omzetcrisis omzet crisis 22 | computeranimatie computer animatie
23 | tijdschema tijd schema

Table9: Dutchwordsin title or descfields of thetopicsthataresplitinto componentvords.

Dutchbasedictionary The Dutchwordsfrankrijk andduitslandweresplitinto componentvordsbecausehey are
notin the basedictionary For the samereasonthe word internationalewasdecomposedlt appearsompound
wordsin Dutch are not ascommonasin German. Like in Germanindexing, whena compoundwas split into
componenwords, only the componentwordswereretainedin the index. Table 10 presentghe performanceof

1 2 3 4 5 6 7 8
features | none decomp | stem expan decomp+stem| decomp+gpan | stem+&pan | decomp+stem-sg@an
avgprec | 0.4021 0.4186 | 0.4281 | 0.4669 0.4446 0.4721 0.4770 0.4847
recall 1562 1623 1584 1614 1633 1727 1702 1734
change | baseline| +4.10% | +6.47% | +16.12% | +10.57% +17.41% +18.63 +20.54%

Table 10: Dutch monolingualretrieval performanceon CLEF-2002testset. The total numberof Dutch relevant
documentdor the 50 topicsof CLEF 2002is 1862.

Dutch monolingualretrieval undervariousconditions. With no stemmingandexpansion Dutchdecompounding
improvedthe averageprecisionby 4.10%. Togetherthe threefeaturesmprovedthe averageprecisionby 20.54%
overthe baseperformancevhennoneof the featuress implemented.

1 2 3 4 5 6 7 8
features | none decomp | stem expan decomp+stem| decomp+gpan | stem+&pan | decomp+stem-sg@an
avgprec | 0.3239 | 0.3676 0.3587 0.3471 | 0.4165 0.3822 0.3887 0.4372
change | baseline| +13.49% | +10.74% | +7.16% | +28.59% +18.00% +20.01% +34.98%

Table11: Dutch monolingualretrieval performanceon CLEF-2001testset. The total numberof Dutch relevant
documentdgor the 50 topicsof CLEF 2001is 1224.

For comparisontable 11 presentghe Dutch monolingualperformanceon the CLEF 2001 testset. Decom-
poundingaloneimprovedthe averageprecisionby 13.49%.Topic 88 of CELF 2001is aboutmadcowdiseases

1downloadedrom ftp://archive.cs.ruu.nl/pub/UNIX/ispellfards.dutch.gz



Europe TheDutchequialentof madcowdiseasess geklekoeienziektén thetopic, but never occursin the Dutch
collection. Without decompoundinghe precisionfor thistopicis 0.1625,andwith decompoundingheprecision
increasedo 0.3216.The precisionfor topic 90 which vegetableexportersis 0.0128without decompoundingThis
topic containgwo compoundvords,Groentengporteus anddiepvriesgoenten Theformeronewhichis perhaps
the mostimportanttermfor this topic never occursin the Dutch documentcollection. After decompoundingthe
precisionfor thistopicincreasedo 0.3443.Topic 55 containgwo importantcompoundvords,Alperverkeeisplan
and Alpeninitiatief Both never occurin the Dutch documentcollection. The precisionfor this topic is 0.0746
withoutdecompoundingandincreasedo 0.2137afterdecompounding.

6.2 Cross-language Retrieval Experiments

A majorfactoraffecting the end performanceof cross-languageetrieval and multilingual retrieval is the quality
of translationresources.In this section,we evaluatethe effectivenessof three differenttranslationresources:
automatianachinegranslatiorsystemsparallelcorporaandbilingual dictionaries.Two of theissuesn translating
topicsarel) determiningthe numberof translationgo retainwhenmultiple candidateranslationsare available;
and?2) assigningweightsto the selectedranslationd8]. Whenmachinetranslationsystemsareusedto translate
topics, thesetwo issuesareresoled automaticallyby the machinetranslationsystemssincethey providesonly
onetranslatiorfor eachword. However, whenbilingual dictionariesor parallelcorporaareusedto translatgopics,
oftenfor asourceword, theremay be severalalternatve translations.

6.21 CLIRUsSngMT

In this section we evaluatetwo machinegranslatiorsystemspnline Babelfishtranslatior? andL&H Power Trans-
lator Pro, version7.0, for translatingtopicsin CLIR. We usedboth translatorgo translatethe 50 Englishtopics
into French,ltalian, German,and Spanish.For eachlanguagehoth setsof translationsvere preprocesseih the
sameway. Table 12 presentghe CLIR retrieval performancegor all the official runsandadditionalruns. The

without with
expansion| expansion
runid topic document| resources precision | precision | change
bky2bienfr English | French Babelfish+ L&H | 0.4118 0.4773 +15.91%
bky2bienfr2 | English | French Systramt+ L&H + | 0.4223 0.4744 +12.34%
Parallel Texts
bky2bienfr3 | English | French Babelfish 0.3731 0.4583 +22.84%
bky2bienfr4 | English | French L&H 0.3951 0.4652 +17.74%
bky2bienfr5 | English | French Paralleltexts 0.3835 0.4529 +18.10%
bky2bidefr | German| French Babelfish 0.3437 0.4124 +19.99%
bky2biende | English | German | Babelfish+ L&H | 0.3561 0.4479 +25.78%
bky2biendel| English | German | Babelfish 0.3229 0.4091 +26.70%
bky2biende2| English | German | L&H 0.3555 0.4449 +25.15%
bky2bifrde | French | German | Babelfish 0.3679 0.4759 +29.36%
bky2bienit English | Italian Babelfish+ L&H | 0.3608 0.4090 +13.36%
bky2bienitl | English | Italian Babelfish 0.3239 0.3634 +12.20%
bky2bienit2 | English | Italian L&H 0.3412 0.3974 +16.47%
bky2bienes | English | Spanish | Babelfish+ L&H | 0.4090 0.4567 +11.66%
bky2bienesl1| English | Spanish | Babelfish 0.3649 0.4108 +12.58%
bky2bienes2| English | Spanish | L&H 0.4111 0.4557 +10.85%
| bky2biennl | English | Dutch | Babylon | 0.2564 | 03199 | +24.77%|

Table12: Performancef cross-languageetrieval runs. Theids andaverageprecisionvaluesfor the official runs
arein boldface.

ids and averageprecisionvaluesfor the official runsarein bold face. Last columnin table 12 shavs the im-
provementof averageprecisionwith queryexpansionover withoutit. WhenbothL&H TranslatorandBabelfish

2publicly availableat http://babelfish.altésta.com/



wereusedin cross-languageetrieval from Englishto French,German |talian and Spanishthe translationfrom

L&H Translatorandthe translationfrom Babelfishwere combinedby topic. The term frequenciesn the com-
binedtopicswerereducedby half so thatthe combinedtopics were comparablan lengthto the sourceEnglish
topics. Thenthe combinedtranslationsvereusedto searchthe documentollectionfor relevantdocumentsasin

monolingualetrieval. For example for the English-to-Italiarrun bky2bienit we first translatedhe sourceEnglish
topicsinto Italian usingL&H TranslatorandBabelfish.The Italian translationgroducedoy L&H Translatorand
theltalian translationgroducedoy Babelfishwerecombinedby topic. Thenthe combinedjranslatedtalian top-

ics with term frequencieseducedby half were usedto searchthe Italian documentcollections. The bky2bienfr,

bky2biendebky2bienesCLIR runsfrom Englishwereall producedn the sameway asthe bky2bienitrun. For En-

glish or Frenchto Germancross-languageetrieval runs,the wordsin title or descfields of the translatedserman
topicsweredecompoundedFor all cross-languageuns, wordswere stemmedafter removing stopwordslike in

monolingualretrieval. The English-to-Frenchiun bky2bienfr2was producedoy memging the bky2bienfrrun and
thebky2bienfr5run which usedparallelcorporaasthe soletranslatiorresource More discussioraboutthe useof

parallelcorporawill be presentedbelow.

All the cross-languageunsappliedblind relevancefeedback. The top-ranked 10 termsfrom the top-ranled
10 documentsaftertheinitial searchwere combinedwith theinitial queryto formulatean expandedquery The
resultspresentedn table 12 showv thatqueryexpansionimproved the averageprecisionfor the official runsfrom
10.85%t0 29.36%.TheL&H TranslatoperformedbetterthanBabelfishfor cross-languageetrieval from English
to French German]talianandSpanish Combiningthetranslationsrom L&H TranslatorandBabalfishperformed
slightly betterthanusingonly thetranslationdrom L&H translator

We noticesa numberof errorin translatingenglishto Italian using Babelfish. For example,the Englishtext
SuperG which wastranslatednto Supeg, U.N. andU.S.-Russiamverenot translated While the phraseSouthern
Yemenin thedesdield wascorrectlytranslatednto Sidyementhesamephrasean thetitle field becamesidc¥men
Decompoundings helpfulin monolingualretrieval, it is alsohelpful in cross-languageetrieval to Germanfrom

no decompounding decompounding
source | target translator averageprecision | averageprecision| change
English | German| L&H Translator| 0.2776 0.3009 8.4%
English | German| Babelfish 0.2554 0.2906 13.78%
French | German| Babelfish 0.2774 0.3092 11.46%

Tablel3: Effectivenes®f decompoundingn cross-languageetrieval to German All runswereperformedwithout
stemmingandqueryexpansion.

otherlanguagesuchas English. An English phraseof two words may be translatednto a Germanphraseof
two words, or into a compound. For examples,in topic 111, the English phrasecomputeranimationin title
becameComputerAnimatiorandComputerAnimationin desc In topic 109,theEnglishphraseComputerSecurity
becameComputerSicherheitin the title, but the samephrasein lower casein descbecameComputesicherheit
Table 13 shows the performance®f threecross-languageetrieval to Germanwith andwithout decompounding.
Theimprovementin averageprecisionrangesrom 8.4%to 13.78%.

6.2.2 English-French CLIR Using Parallel Corpora

We createda French-Englistbilingual lexicon from the CanadiarHansard(the recordingsof the debateof the
Housefor the periodof 1994to 2001). Thetexts arein EnglishandFrench.We first alignedthe Hansardcorpusat
thesentencéevel usingthelength-basedlgorithmproposedy GaleandChurch[7], resultingin abouttwo million
alignedFrench/Englislsentenceairs. To speedup thetraining (i.e, estimatingword translatiorprobabilities) we
extractedandusedonly the sentencepairsthat containat leastone Englishtopic word in CLEF-2001topics. A
numberof preprocessingtepswere carriedout prior to the training. First, we removed the English stopwords
from the EnglishsentencesandFrenchstopwordsfrom the FrenchsentencesSecondlywe changedhe variants
of aword into its baseform. For English,we useda morphologicabnalyzerescribedn [5]. For Frenchwe used
a FrenchmorphologicalanalyzemamedDICO. Eachof the packagesontainsa list of wordstogetherwith their
morphologicalanalyses.Thirdly, we discardedhe sentencepairsin which one of the sentencéhas40 or more
wordsafterremaoving stopwords,andthe sentenceairsin which the lengthratio of the Englishsentencever the
Frenchsentencés below .7 or above 1.5. Theaveragdengthratio of Englishtext over Frenchtext is approximately
1.0. Sincesentencalignmentis not perfect,somemis-alignmentareunavoidable.Hencetheremay be sentence



pairsin whichthelengthratiosthatdeviatefarfrom theaveragdengthratio. After thepreprocessingynly 706,210
pairsof alignedsentencesemained. The remainingalignedsentencepairswerefed to GIZA++ for estimating
English-to-Frenchword translationprobabilities. GIZA++ toolkit is anextensionto the EGYPTtoolkit [1] which
was basedon the statisticalmachinetranslationmodelsdescribedn [2]. Readersarereferredto [11] for more
detailson GIZA++. Thewholetraining phasetook about24 hourson a SunMicrosystemSparcsener machine.
Table14 shawvsthefirst threeFrenchtranslationgproducedy GIZA++ for someof thewordsin the Englishtopics.

English Frenchtranslations| Translationprobability || English Frenchtranslation| Translationprobability
amnesty | amnistier 0.960881 independence indpendance 0.762385
amnistie 0.032554 autonomie 0.142249
amnesty 0.006565 indpendant 0.032079
asthma asthme 0.902453 lead mener 0.128457
asthma 0.053307 conduire 0.076652
atteindre 0.044240 amener 0.066278
car voiturer 0.251941 phone telephoner 0.419111
automobile 0.214175 telephonique 0.194628
voiture 0.160644 appeler 0.123656
computer | informatique 0.438414 prime ministre 0.898780
ordinateur 0.434168 chrtien 0.049399
informatiser 0.021902 principal 0.003372
conflict conflit 0.873595 race race 0.598102
guerre 0.016048 courser 0.182982
contradictoire 0.012773 racial 0.053363
curreny | monnayer 0.455730 rock rock 0.889616
deviser 0.108036 rocher 0.015060
devise 0.106799 pierre 0.010083
fall automne 0.323739 right droit 0.973834
tomber 0.081521 rights 0.002897
relever 0.064848 charte 0.001411
film film 0.722327 sanction sanction 0.600641
cinmatographique | 0.105770 sanctionner 0.147880
cinma 0.058341 approuer 0.076667
economic| économique 0.830063 star star 0.624963
économie 0.104932 toile 0.130342
financier 0.010520 toiler 0.077801

Table14: Englishto Frenchword translationprobabilitiesestimatedrom parallelcorporausinga statisticalma-
chinetranslatiortoolkit.

TheFrenchtranslationsarerankedin descendingrderby the probability of translatingfrom anEnglishwordinto
Frenchwords.In translatinganEnglishwordinto Frenchwe selectednly oneFrenchword, theoneof thehighest
translationprobability, asthetranslation.The Englishtopicsweretranslatednto Frenchword-by-word, thenthe
translated-renchtopicswereusedin producingthe English-to-Frenchiun labeldbky2bienfr5in table12. Without
gueryexpansiontheparallelcorpus-basetfinglish-FrenclCLIR performancevasslightly betterthanthatof using
Babelfish but slightly lower thanthatof usingL&H translator

The CLEF 2002 Englishtopicscontaina numberof polysemousvordssuchascup, fall, interest lead race
right, rock, star, andthelike. The word fall in the contet of fall in sale of cars in topic 106 hasthe meaning
of declining. However, the mostlikely Frenchtranslationfor fall astable 14 shavs is automne meaningautumn
in English. The word racein ski racein topic 102 or in race car in topic 121 hasthe meaningof contestor
competitionin speed Againthe Frenchword of the highesttranslationprobabilityis race meaninghumanracein
English. The correntFrenchtranslationfor the senseof racein skiraceor car raceshouldbe course Theword
star in topic 129 meansa plantor celestialbody, while in topic 123in the context of popstar, it meansafamous
performer Thecorrecttranslationfor starin topic 129 shouldbe étoile, insteadof the mostlik ely translatiorstar,
which s the correctFrenchword for the senseof star in popstar. Theword rodk in topic 130 hasthe samesense
asrodk in rock musig not the senseof stone The correcttranslationfor rodk in topic 130shouldberocke. In the
sametopic, theword lead in lead singer meanssomeonen the leadingrole, not the metal. Theseexamplesshov
thattaking the Frenchword of the highesttranslationprobability asthe translationfor an Englishword is overly
simplified. Choosingtheright Frenchtranslationsvould requireword senseadisambiguation.



6.2.3 CLIR using bilingual dictionary

For the only English-to-Dutchrun bky2bienn| the Englishtopicsweretranslatednto Dutch by looking up each
Englishtopic word, excluding stopwords,in the online English-DutchdictionaryBabylon®. All the Dutchwords
in the dictionary lookup resultswere retainedexceptfor Dutch stopwords. The Dutch compoundwords were
split into componentvords. If translatingan Englishtopic word resultedin m Dutchwords,thenall translated
Dutch words of the Englishword receved the sameweight % i.e., the translatedDutch words were weighted
uniformly. The averageprecisionof the English-to-Dutchrun is 0.3199,which is muchlower than0.4847for

Dutchmonolingualretrieval.

6.3 Multilingual Retrieval Experiments

In this sectionwe describeour multilingual retrieval experimentausingthe Englishtopics(only title anddescrip-
tion fieldswereindexed). As mentionedn thecross-languagexperimentsectionabose, wetranslatedhe English
topicsinto theotherfour documentanguagesvhich areFrench, German|talian,andSpanistusingBabelfishand
L&H Translator A separaténdex was createdfor eachof the five documentianguages.For the multilingual
retrieval runs,we memgedfive rankedlists of documentspneresultedrom Englishmonolingualretrieval andfour
resultedfrom cross-languageetrieval from Englishto the otherfour documentanguagesto producea unified
rankedlist of documentsegardlesf language.

A fundamentalifferencebetweenmerging in monolingualretrieval or cross-languageetrieval and meging
in multilingual retrieval is thatin monolingualor cross-languageetrieval, documentdor individual ranked lists
are from the samecollection, while in multilingual retrieval, the documentdor individual ranked lists arefrom
differentcollections.For monolingualor cross-languageetrieval, if we assumehatdocumentappearingon more
thanonerankedlist aremorelikely to berelevantthanthe onesappearingpn a singleranked list, thenwe should
rankthe documentsappearingon multiple rankedlists in higherpositionin the memgedranked list of documents.
A simpleway to accomplishthis is to sumthe probability of relevancefor the documentsappearingon multiple
ranked lists while the probabilitiesof relevancefor the documentsappearingon a single list remainthe same.
After summingup the probabilities the documentsarere-ranledin descendingrderby combinedprobability of
relevance. In multilingual retrieval meiging, sincethe documentson the individual ranked lists areall different,
we cannotusemultiple appearancesf a documenin the ranked lists asevidenceto promoteits rankin thefinal
ranked list. The problemof meiging multiple ranked lists of documentsn multilingual retrieval is closelylinked
to estimatingprobability of relevance.If the estimate®f probability of relevanceareaccurateandwell calibrated,
thenonecansimply combinetheindividual ranked lists andthenre-rankthe combinedist by the raw probability
of relevance.In practice estimatingrelevanceprobabilitiesis a hardproblem.

We lookedat the estimatedrobabilitiesof relevanceproducedusingtherankingformuladescribedn section2
for the CLEF 2001topicsto seeif thereis alinearrelationshipbetweerthe numberof relevantdocumentandthe
numberof documentsvhoseestimatedprobabilitiesof relevanceare abose somethreshold. Figure 1 shows the
scattemplot of thenumberof retrieveddocumentsvhoseestimatedelevanceprobabilitiesareabore 0.37versughe
numbermelevantdocumentgor the sametopic. Eachdotin thefigurerepresenteneFrenchtopic. Therankedlist
of documentsvasproducediusingthe 50 Frenchtopicsof CLEF 2001to searchagainstthe Frenchcollectionwith
gueryexpansion.Thetop-ranled 10 termsfrom top-ranked 10 documentsn the initial searchwere meigedwith
initial queryto createtheexpandedjuery Thethresholdof 0.37waschosersothatthetotal numberof documents
for all 50 topicswhoseestimatedrelevanceprobabilitiesare above the thresholdis closeto the total numberof
relevantdocumentdor the samesetof topics. If the estimatedbrobabilitiesaregood,the dotsin the figure would
appearalongthe diagonalline. The figure shavs thereis no linear relationshipbetweenthe numberof retrieved
documentsvhoserelevanceprobabilitiesare above the thresholdand the numberof relevant documentdor the
sametopic. Thisimpliesonecannotusetheraw relevanceprobabilitiesto directly estimatehe numberof relevant
documentdgor atopicin atestdocumentollection.

Thereare a few simple waysto mege ranked lists of documentsrom different collections. Here we will
evaluatetwo of them. The first methodis to combineall ranked lists, sortthe combinedist by the raw relevance
score,thentake the top 1000 documentgper topic. The secondmethodis to normalizethe relevancescorefor
eachtopic, dividing all relevancescoresby the relevancescoreof the top mostranked documentfor the same
topic. Table15 presentshe multilingual retrieval performancewith differentmeiging strategyies. The multilingual
runswereproducedby meiging from five runs: bky2moen(English-English0.5602) bky2bienfr(English-French,
0.4773),bky2biende(English-German0.4479),bky2bienit (English-Italian,0.4090),and bky2bienes(English-
Spanish,0.4567). The run bky2muenlwas producedby ranking the documentdy the unnormalizedrelevance

Savailableat http://www.babylon.com
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Figurel: Numberof retrieved documentsvith relevanceprobability over .37 versushe numberof relevantdocu-
mentsfor the sametopic.

runid topiclanguage| topicfields | memging stratgy recall precision
bky2muenl | English title,desc | Directmemging 5880/8068| 0.3762
bky2muen2 | English title,desc | Normalizedmeging | 5765/8068| 0.3570

Table 15: Multilingual retrieval performanceor differentmeiging stratgies. The five runsfrom which the the
multilingual runswereproducedarebky?2moenbky2bienfr, bky2biendebky2bienitbky2bienes

probabilitiesafter combiningthe individual runs. And the run bky2muen2vasproducedn the sameway except
that the relevanceprobabilitieswere normalizedbeforememging. For eachtopic, the relevanceprobabilitiesof
the documentsvasdivided by the relevanceprobability of the highest-rankd documenfor the sametopic. The
simplestdirect meiging outperformedhe scorenormalizingmemging stratgy. We did two thingsto make the
relevanceprobabilitiesof documentsrom differentlanguagecollectionscomparablego eachother Firstly, as
mentionedin section6.2.3, after concatenatinghe topic translationgrom two translatorswe reducedthe term
frequenciedy half sothatthetranslatedopicsarecloseto the sourceEnglishtopicsin length. Secondlyin query
expansionwe took the samenumberof terms(i.e, 10) from the samenumberof top-ranked documentgi.e, 10)
aftertheinitial searchfor all five individual runsthatwereusedto producethe multilingual runs.

In the remainderof this section,we presenta procedurefor computingthe optimal performancethat could
possiblybe achiaved underthe constraintthatthe relative rankingof the documentsn the individual ranked lists
is presered. This procedureassumeghat the relevancesof documentsare known, thusit is not usefulto to
predictranksof documentsn the final ranked list for multilingual retrieval. However, knowing the upperbound
performancdor a setof ranked lists of documentandtherelateddocumentelevancess usefulin measuringhe
performanceof differentmeiging stratgies. We will useanexampleto explain the procedure Let usassumeve
aregoingto memgethreerunslabeledA, B andC, asshowvn in table16. Therelevantdocument@aremarked with
an“*'. We wantto find a combinedranked list suchthat the averageprecisionis maximizedwithout changing
the relative rank order of the documentson the sameranked list. First we transformthe individual runsshovn
in table 16 into the form shawvn in table 17 by groupingthe consecutie irrelevantandrelevantdocuments Each
entry in table 17 hasthe form (m,n){d;,di11,...,d;}, whered; is theid of the documentranked in the ith
positionin theoriginal ranking. {d;, d;11, . - ., d; } denotesa setof consecutie irrelevantandrelevantdocuments



RunA | RunB | RunC
Ay* B, i
A, B, Cy*
Bs* C3*
Ay B, Cy*

AwWNPR
pN
w
*

Tablel16: Individual ranks.Relevantdocumentsremarked with *

rankedin positionfrom ¢ to 7, inclusive. m is the numberof irrelevantdocumentsn the set,andn is the number
of relevantdocumentsn the set. For example,the entry (2,1) { By,Bs,B3} meansthe set{B;,B3,Bs} hastwo
irrelevantdocumentsB; and Bs, andonerelevantdocument Bs. After thetransformationthe procedurecanbe

set | RunA RunB RunC

1 |(0,1){A:} (2,1){B1,B2,B3} | (1,3){C1,C>,C5,Cs}
2 (1,1){A2,45} | (1,00{B4}

3 1 (1,0{45}

Tablel7: Rankedlists aftertransformation.

implementedn four steps.

Stepl: Let the active setconsistof the first setin the individual lists that containsat leastonerelevant doc-
ument. For the example presentedn table 17, the initial active setis {(0,1) {41}, (2,1) {B1,B2,B3}, (1,3)
{C1,C2,C3,C4}}

Step2: Choosethe elementin the activesetwith the smallestnumberof irrelevantdocumentslf therearetwo
or more elementswith the smallesthnumberof irrelevant documentsthen choosethe elementthat also contains
the largestnumberof relevant documents.If therearetwo or more elementswith the samesmallestnumberof
irrelevantdocumentandthe samdargestnumberof relevantdocumentsn thecurrentactiveset,randomlychoose
oneof them. Appendthe selectecelementto thefinal rankedlist. If the next setappearingmmediatelyafterthe
selectecelementcontainsat leastonerelevantdocumentthenaddthe next setto the currentactive set. Thatis,
sortthe activesetby m asthe majororderin increasingordet andby n asthe minor orderin decreasingrdes
thentake out thefirst elementandputit in thefinal rankedlist.

Step3: Repeastep2 until the currentactivesetis empty

Step4: If thefinal rankedlist haslessthan1000documentsappendmoreirrelevantdocumentsiren from ary
individual list to thefinal rankedlist.

The optimalrankingafterreorderingthe setsis presentedn table18

—

set | Optimalranking

(0,1){A:}
(1,3){C1,C2,C3,C4}
(1,1){A2, A3}
(2,1){B1,B3,B3}
(110) {A4}

(170) {B4}

Table18: Optimalranking.

OO WN P

Theupperboundaverageprecisionfor thesetof runsusedfor producingour official multilingualrunsis 0.5177
with overall recall of 6392/8068.The performance®f the direct meiging andscore-normalizingneging arefar
belov the upperboundperformancehatcould possiblybeachieved.

7 Conclusions

We have presentecd techniquefor incorporatingblind relevancefeedbackinto adocumentankingformulabased
on logistic regressionanalysis. Theimprovementin averageprecisionbroughtby queryexpansionvia blind rel-
evancefeedbackrangesfrom 6.42%to 19.42%for monolingualretrieval runs,andfrom 10.85%to 29.36%for



cross-languageetrieval runs. We have alsopresentedh procedureo decomposé&ermancompoundsandDutch
compounds.Germandecompoundingmproved the the averageprecisionof Germanmonolingualretrieval by

11.47%.Decompoundingncreasedhe averageprecisionfor cross-languageetrieval to Germanfrom Englishor

French.Theincreaseangedrom 8.4%to 11.46%.For Dutchmonolinguaketrieval, decompoundinincreasedhe
averageprecisionby 4.10%,whichis muchlowerthantheimprovementof 13.49%on CLEF 2001testset.In sum-
mary, bothblind relevancefeedbackanddecompoundingn Germanor Dutch have beenshawvn to be effective in

monolingualandcross-languageetrieval. The amountof improvementof performancéy decompoundingaries
from onesetof topicsto another Threedifferenttranslationresourcesmachinetranslatorsparallelcorpora,and
bilingual dictionarieswereevaluatedon cross-languageetrieval. We foundthatthe English-FrenclCLIR perfor

manceof usingparallelcorporawascompetitive with thatof usingcommerciaimachinetranslatorsTwo different
meuging stratgiesin multilingual retrieval were evaluated. The simpleststratgly of meiging individual ranked

lists of documentdy unnormalizedrelevancescoreworked betterthanthe one first normalizingthe relevance
score.To make therelevancescoreof thedocumentdrom differentcollectionsascloselycomparableaspossible,
we selectedhe samenumberof termsfrom the samenumberof top-ranled documentsftertheinitial searchfor

gueryexpansionin all the runsthatwere combinedto producethe unified ranked lists of documentsn multiple

languages We usedtwo machinetranslatorgo translateEnglishtopicsto French,German ltalian and Spanish,
andcombinedby topic thetranslationgrom thetwo translatorsWe reducedhetermfrequenciesn thecombined
translatedopics by half so thatthe combinedtranslatedopicsare closein lengthto the sourceEnglishtopics.
We presente@nalgorithmfor generatinghe optimalrankedlist of documentsvhenthe documentelevancesare
known. The optimal performanceanthenbe usedto measurghe performancesf differentmeiging stratgies.
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